Due to the overlapping emission spectra of fluorophores, fluorescence microscopy images often have 14 bleed-through problems, leading to a false positive detection. This problem is almost unavoidable when the 15 samples are labeled with three or more fluorophores, and the situation is complicated even further when imaged 16 under a multiphoton microscope. Several methods have been developed and commonly used by biologists for 17 fluorescence microscopy spectral unmixing, such as linear unmixing, non-negative matrix factorization, 18 deconvolution, and principal component analysis. However, they either require pre-knowledge of emission 19 spectra or restrict the number of fluorophores to be the same as detection channels, which highly limits the real-20 world applications of those spectral unmixing methods. In this paper, we developed a robust and flexible spectral 21 unmixing method: Learning Unsupervised Means of Spectra (LUMoS), which uses an unsupervised machine 22 learning clustering method to learn individual fluorophores' spectral signatures from mixed images, and blindly 23 separate channels without restrictions on the number of fluorophores that can be imaged. This method highly 24 expands the hardware capability of two-photon microscopy to simultaneously image more fluorophores than is 25 possible with instrumentation alone. Experimental and simulated results demonstrated the robustness of LUMoS 26 in multi-channel separations of two-photon microscopy images. We also extended the application of this method 27 to background/autofluorescence removal and colocalization analysis. Lastly, we integrated this tool into ImageJ to 28 offer an easy to use spectral unmixing tool for fluorescence imaging. LUMoS allows us to gain a higher spectral 29 resolution and obtain a cleaner image without the need to upgrade the imaging hardware capabilities. 30 
Introduction 31
Two-photon laser scanning microscopy (2PLSM) offers many advantages for imaging cell dynamics in 32 live animals with deeper tissue penetrations, 3D contrast and resolution, and reduced phototoxicity [1, 2] . The 33 majority of in-vivo 2PLSM studies so far have relied on single or dual color imaging which highly limits the cell 34 populations and physiological components that can be studied at one time [3] [4] [5] . To identify and characterize 35 3 complex biological mechanisms, multiple cell types or intracellular processes need to be visualized 36 simultaneously. Adapting 2PLSM for simultaneous multi-fluorophore detection has presented a challenge due to 37 the widely overlapping two-photon absorption spectra of commonly used fluorescent markers [6] [7] [8] as well as the 38 high expense of incorporating multiple two-photon laser lines. Imaging specimens with a greater number of 39 fluorescent labels is usually confronted with the bleed-through or cross-talk of fluorescence emissions. These 40 spectral mixing artifacts often complicate the interpretation of experimental results with ambiguous 41 discriminations, particularly if colocalization of fluorophores is under investigation or quantitative measurements 42 are necessary. Therefore, a reliable and clean separation of different fluorescence labels is required for analysis 43 and quantifications, and a flexible approach to overcome the hardware limitations on the number of fluorophores 44 that can be simultaneously imaged is desired. 45 There are a wide variety of computational approaches commonly used by biologists for spectral unmixing 46 with their own advantages and limitations. Fluorescence signals were first modeled as a linear combination of 47 measured reference spectra of all involved fluorochromes, and linear unmixing was introduced for spectral 48 unmixing in the fluorescence microscopy domain [9, 10] . This algorithm extracts the weight of each individual 49 spectrum with the weight proportional to the fluorophore's concentration [11, 12] . Linear unmixing is 50 advantageous in the way that it is well suited for resolving spectra from pixels that have a mixed contribution 51 from different fluorophores, as it calculates the best linear fit of any combination of fluorescent spectra in an 52 individual pixel. The method has been widely applied in different imaging modalities since then [12] [13] [14] [15] [16] . 53 However, the spectra of the contributing fluorophores may change nonuniformly due to the distortion by the 54 complex tissue environment [17] , and the assumption of superposition may be inappropriate in the presence of 55 non-linear effects such as quenching, photobleaching, and two-photon absorption. To be solvable, linear unmixing 56 also assumes that the number of detection channels be at least equal to the number of fluorophores which requires 57 more advanced hardware settings such as tunable filters to detect more dyes [10, 18] , highly limiting the number 58 of different labels that can be unambiguously identified in an image. In addition, the method also requires prior 59 knowledge of the reference spectrum for a given dye, which is instrument specific and hard to measure. Following 60 linear unmixing theory, many other methods have been introduced. Non-negative matrix factorization (NMF) 61 4 considers the non-negative characteristics of the fluorophore contributions [19] [20] [21] , which has the advantage that 62 prior knowledge of emission spectra is not needed, and has also been used for autofluorescence and background 63 removal [22] [23] [24] . It is limited, however, in that it cannot be applied to situations when fluorophores outnumber 64 detection channels. The other main problem of this approach is that there can be multiple equally valid, yet 65 significantly different solutions. Sometimes prior knowledge about spectra is still needed to reduce the ambiguity 66 [19]. Another unmixing method, spectral deconvolution [25] , requires the acquisition of the spectral signature of 67 each fluorophore by manually selecting the region of interest which is laborious, and requires unambiguous and 68 exclusive expression of fluorescent labels. The method will not work when, in addition to bleed-through, there is 69 significant cross-talk between fluorophores. Another recently developed method used for two-photon imaging, 70 similarity unmixing [26] , can work for any number of fluorophores but still requires detailed knowledge of 71 fluorophore emission spectra and can fail when actual emissions deviate from their theoretical ideals or there are 72 colocalized fluorophores. 73 Therefore, to improve the flexibility and applicability of multi-channel fluorescence imaging spectral 74 unmixing, we looked for methods that do not need spectra information and are not restricted by the number of 75 detection channels. Unsupervised learning is a class of machine learning techniques that find patterns directly 76 from unlabeled data [27, 28] . By taking advantage of the ability of unsupervised learning algorithms to 77 automatically "learn" to identify features from raw images, we here investigated clustering based unsupervised 78 learning in blindly unmixing channels of multi-color 2PLSM images: Learning Unsupervised Means of Spectra 79 (LUMoS). Similar clustering methods have been applied for spectral unmixing in the remote sensing field [29-80 31], but never to fluorescence microscopy. By assuming the discrete labeling of biological structures, our model 81 uses k-means clustering to "learn" the relationships between pixels from the raw image, and search for their 82 intensity patterns to re-classify each pixel into a unique fluorophore group [32] . We emphasize that LUMoS 83 requires neither the knowledge of emission spectra nor a greater or equal number of detection channels than 84 fluorophores, which highly expands the capability of two-photon imaging. We have successfully demonstrated the 85 ability of LUMoS to cleanly separate out up to 6 fluorophores in biological samples imaged by a 2PLSM system 86 with only 4 detectors. Synthetic results demonstrated the accuracy and power of LUMoS in separating more 87 5 fluorophores under the challenging conditions of unbalanced structure size and low signal-to-noise ratio (SNR). 88 The method can be easily translated to images acquired by other fluorescence imaging modalities such as confocal 89 to create a clean representation of the fluorophores in the sample for quantitative analysis.
90

Materials and methods
91
Sample preparations 92 For Nfluorophores = Ndetectors unmixing studies, FluoCells Prepared Slide #1 (F36924, Invitrogen, Carlsbad, 93 CA) was used. Fixed bovine pulmonary artery endothelial (BPAE) cells were stained with a combination of 94 fluorescent dyes. DAPI was used to label the nuclei, F-actin was stained using Alexa Fluor488 (AF488) 95 phalloidin, and mitochondria were labeled with MitoTracker Red CMXRos. 96 For Nfluorophores > Ndetectors beads unmixing studies, particles of different sizes and colors were mixed and 97 prepared on a glass slide and covered with a #1 cover slip for imaging. The commercial beads were either surface 98 conjugated with standard fluorophores or polymerized with an organic dye within. The emission (EM) peak was 99 either determined by the online spectra-viewer for a standard fluorophore or provided by the nanoparticle 100 company (Spherotech Inc., Lake Forest, IL) for an organic dye. A combination of 5 different beads was used: 101 Light Yellow (LY, FP-2045-2, Spherotech Inc.): 1.97µm in diameter, 450nm peak EM; FITC (ECFP-F1, 102 Spherotech Inc.): 3.27µm in diameter, 515nm peak EM; PE (ECFP-F2, Spherotech, Inc.): 3.4µm in diameter, 103 575nm peak EM; Purple (FP-2062-2, Spherotech Inc.): 2.37µm in diameter, 620nm peak EM; APC (345036, BD 104 Biosciences, San Jose, CA): 6µm in diameter, 660nm peak EM. 105 For Nfluorophores > Ndetectors Colorful Cell unmixing studies, a plasmid encoding 6 independent transcription 106 units driving expression of different fluorescent proteins to distinct intracellular compartments, Colorful Cell [33], 107 was a gift from Pierre Neveu (RRID:Addgene_62449; http://n2t.net/addgene:62449; Addgene, Watertown, MA). 108 The 6 fluorescent proteins were TagBFP trimer fused to a nuclear localization sequence, Cerulean trimer fused to 109 a plasma membrane targeting sequence, AzamiGreen fused to a mitochondrial localization sequence, Citrine 110 6 fused to a Golgi targeting sequence, mCherry fused to an endoplasmic reticulum retention sequence, and iRFP670 111 fused to a peroxisome localization sequence. Plasmid DNA was transiently transfected into HEK293T (Pheonix) 112 cells by calcium phosphate precipitation and assayed 48-72 hours later. By flow cytometry 40-70% of cells were 113 expressing the transfected plasmid. For imaging, wet mounts of single cell suspensions containing 100,000 live 114 cells/10 µL were prepared and imaged immediately. 115 For the colocalization experiments, CD28-deficient, DO11.10 T cells were retrovirally transduced with 116 CD28 fused at the C terminus to YFP or to Cerulean either separately or together. T cells were then mixed with 117 stably transfected antigen-presenting cells (APCs) expressing MHC class II, ICAM-1, and CD80 that were or 118 were not preloaded with 2.0 µg/ml OVA peptide for 1 hour at 37°C, and pelleted at Rcf 2000 for 20 sec. The 119 pellet was incubated at 37° C for 10 min, resuspended and plated on poly-L-lysine coated cover slips for imaging 120 [34].
121
Two-photon imaging 122 All images were collected by an Olympus FVMPE-RS system (Olympus, Center Valley, PA) using 123 Olympus 25´ water objective (XLPLN25XWMP2, 1.05NA). The system was equipped with two two-photon 124 lasers: Spectra-Physics InSightX3 (680nm-1300nm, Spectra-Physics, Santa Clara, CA) and Spectra-Physics 125 MaiTai DeepSee Ti:Sapphire laser (690nm-1040nm). There were four Photon Multiplier Tubes (PMTs) and two 126 filter cubes for multi-color imaging. Galvanometer scanners were used for scanning. PMT gains for all imaging 127 were used between 500 and 650 a.u. in the Olympus Fluoview software. The system schematic is shown in S1 Fig   128 (the Blue/Green, and Red/fRed filter cubes setup is shown). 129 For Nfluorophores=Nchannels unmixing studies, FluoCells Prepared Slide #1 was imaged using MaiTai laser at 130 780nm to excite DAPI, AF488, and MitoTracker Red in the BPAE cells. 3D 512x512 pixel images were collected 131 with 0.5µm per z step. For Nfluorophores>Nchannels beads unmixing studies, multi-color beads slide was imaged using 132 InSightX3 laser at 1000nm and MaiTai laser at 800nm simultaneously. 2D 512´512 pixel images were collected. 133 For Nfluorophores>Nchannels Colorful Cell separation studies, Colorful Cell slide was imaged using InSightX3 laser at 134 7 1050nm and MaiTai laser at 840nm sequentially with 1024´1024 pixels in x-y and 0.5µm per z step. Blue/Green 135 cube (420-460nm/495-540nm) and red/fRed cube (575-630nm/645-685nm) were used for the above imaging. For 136 colocalization studies, Cerulean, YFP, or Cerulean + YFP labeled cell slides were imaged with 800´800 pixels in 137 x-y and 0.5µm per z step using InSightX3 laser at 970nm and MaiTai laser at 860nm sequentially. CFP/YFP cube 138 (420-500nm/519-549nm) was used for this colocalization experiment.
139
Data pre-processing 140 Depending on the content of the input image, it may be appropriate to group together pixels with different 141 net intensities but similar ratios of intensities in different z-planes. This could be necessary in fluorescence 142 microscopy, and especially 2PLSM, in which there usually are signal intensity differences across imaging depths. 143 This can be accounted for by dividing the intensity of a pixel in each channel by the overall sum of that pixel 144 intensities across all the channels:
where $ is the raw intensity of pixel in channel , # $ is the scaled intensity of pixel in channel c and C is the 147 set of all input channels. This step is not always desirable, as in some cases pixels with the same intensity ratios 148 but different raw intensities may actually represent different structures. 149 To prevent the clustering algorithm from being biased by signal intensity differences and variations 150 between channels, the brightness and contrast of input data were normalized to be relatively spherical 151 distributions before clustering. Normalization also makes k-means initialize with better centroid choices and run 152 faster with fewer iterations to converge [32, 35] . Therefore, clustering was performed on z-scores where the z-153 score is the number of standard deviations away from the mean a signal. This can be expressed for a given pixel 154 as:
where &,$ is the z-score for pixel x in channel c, and µ $ and $ are the overall mean and standard deviation of all 157 pixels in channel . This can be done to pixels with either non-scaled intensities ( $ ) or scaled intensities ( # $ ) as 158 in Eq1.
159
LUMoS algorithm 160 We here present an unsupervised machine learning clustering method (Learning Unsupervised Means of 161 Spectra, LUMoS) to learn the spectral signatures of each fluorophore and assign each pixel to the cluster whose 162 spectral signature is closest. The process is referred to as "unsupervised" because no human intervention is 163 required to label any pixels as belonging to a particular fluorophore, and the algorithm can identify features from 164 raw images simply by looking at the pixels' intensity values across all the detection channels. Specifically, a hard 165 clustering method, k-means clustering, was used to separate mixed fluorophores unambiguously. 166 Pixels that are spatially close tend to belong to the same structure, and thus stained by the same 167 fluorophore. To leverage this spatial information to improve the unmixing ability of LUMoS beyond the single-168 pixel level, a median filter (3×3×3 or 5×5×5) is first applied to the image before clustering. In order to preserve 169 potentially meaningful variations in intensity in the raw image, the median filter is only applied at the clustering 170 stage and the intensity output for each pixel is still taken from the raw image. 171 Given a set of observations X, containing n individual observations: 2 , 3 , …, 4 , the objective of k-172 means is to partition all observations into k different clusters, = { 2 , 3 , … , 9 }, in a way that minimizes within- The algorithm partitions the data into k clusters using Eq3 as a loss function. K-means approximates the 181 solution to minimize the loss function by assigning data points to the class to whose centroid they are closest, and 182 iteratively updating the centroid. Synthetic data 215 In order to test the capabilities of LUMoS across a wide range of conditions, we generated synthetic data 216 for unmixing. We assumed the hardware for the simulated imaging to be the same as our two-photon system with 217 2 two-photon lasers and 4 detection channels (blue: 420-460nm, green: 495-540nm, red: 575-630nm and far-red 218 645-685nm). For each simulated fluorophore, a theoretical emission spectrum was generated (Fig 2A) . The has an area 1/5 th (cluster size ratio 0.2) of the rest. 235 The emission peaks were evenly spaced between 420nm and 685nm so that all fluorophore peaks fell 236 within the detection range of the microscope. We assumed all fluorophores were excited effectively, and their 237 emission spectra peak at the same magnitude. Consistent spectral shapes and spacing represented an ideal case for 238 easy simulations, but in reality, fluorophores usually have different shapes of spectra or even multiple peaks. To First, we started with a simple case in which there was same number of fluorophores as imaging channels. 263 BPAE cells with nuclei stained with DAPI, F-actin labeled with AlexaFluor488 (AF488), and mitochondria 264 labeled with MitoTracker Red were imaged using 780nm laser [39, 40] to excite all three fluorophores ( Fig 3A) . 265 Due to the long tail of the DAPI emission spectrum (Fig 3C) , F-actin signals in the green channel were 266 contaminated by the nuclei signals ( Fig 3A) . DAPI had strong signals in both blue and green channels, while 267 AF488 and MitoTracker Red were distinct in green and red channels respectively. Therefore, each fluorophore 268 had a unique distribution of intensity across channels-"spectral signature", calculated as the intensity of the 269 pixels in one LUMoS cluster detected by each channel in the raw image ( Fig 3D) . LUMoS was able to group 270 pixels with similar spectral signatures into the same cluster and re-assign each pixel into the correct fluorophore for two-photon microscopy. This makes the ability to image more fluorophores than detectors crucial for many 292 applications. As the LUMoS method has no intrinsic requirement that the number of channels be at least equal to 293 number of fluorophores, we next ascertained the limit of our method by imaging more colors simultaneously 294 without modifying the imaging hardware. 295 To test the performance of LUMoS on a sample with more fluorophores than detectors, we first imaged 296 mixed beads with 5 different fluorophores: LY (Light Yellow dye from Spherotech Inc.), FITC, PE, Purple 297 (Purple dye from Spherotech Inc.), and APC ( Fig 4A) . The theoretical emission spectra are shown in Fig 4C. 298 Simultaneous two-photon excitations at 800nm (MaiTai laser) and 1100nm (InsightX3 laser) were used to excite 299 all fluorophores [39] . Because of the significant emission spectra overlaps of LY and FITC in the green channel, 300 PE and Purple in the red channel, and PE, Purple and APC in the far-red channel, the raw images collected by the 301 4 detectors ( Fig 4A) showed many beads appearing in more than one channel (examples are indicated by white 302 arrows in Fig 4A) . The spectral signatures of those fluorophores ( Fig 4D) were consistent with the emission 303 spectra information in each channel, which demonstrated the uniqueness of each fluorophore's intensity 304 distribution across the 4 detectors. We therefore applied LUMoS with 6 clusters to the raw 5-color beads images. 305 The algorithm generated 6 new images in which 1 image included all background pixels and the other 5 images 306 each represented one single fluorophore. We removed the background to get the clean unmixed outputs ( Fig 4B) . ). Cerulean, AzamiGreen and Citrine all have significant emissions in the green channel ( Fig 5B) , but they are 329 excited at different efficiencies under 840nm and 1050nm [7, 39] , making it possible to distinguish them with the 330 spectral signatures by collecting the green channel twice with the two excitations ( Fig 5E) . The 2PLSM 331 excitation/emission setup is shown in Fig 5B. All the organelles were ambiguously mixed in the raw images 332 especially in the green, red and far-red channels ( Fig 5C) . We assigned 7 clusters to the LUMoS algorithm to 333 separate out the 6 fluorophores and background from the original 5-channel images. The algorithm reliably 334 separated the raw data into 6 components that corresponded to the 6 organelles ( Fig 5D) based on their shapes and 335 locations inside the cell by comparing to the cell structure schematic (Fig 5A) . The 3D unmixing results were 336 shown in S3 Movie. both Cerulean and YFP, while some only expressed one of them ( Fig 6A) . LUMoS was able to separate the raw 365 images into Cerulean-only, YFP-only, and Cerulean+YFP colocalized channels (Fig 6B) , by identifying distinct 366 spectral signatures ( Fig 6C) . The calculated Mander's colocalization coefficients were 44.2% (MCerulean) and 367 38.2% (MYFP) [42] . In addition, although APCs were not labeled, they showed some autofluorescence in the raw 368 images ( Fig 6A indicated by white arrows, and S4 Fig) . Similar as background noise (S6 FigD), autofluorescence 369 was also identified and separated out by LUMoS ( Fig 6B) . The 3D unmixing results were shown in S5 Movie. negative matrix factorization (NMF) is one spectral unmixing method that has been successfully applied for 397 autofluorescence removal [22] [23] [24] . We here also demonstrated the unmixing performance of LUMoS when 398 autofluorescence exists. In Fig 6A, the APCs in the sample were not stained but were autofluorescent. Similar to 399 background, autofluorescence can be treated as an additional cluster if it exhibits a distinct spectral signature 400 among all the fluorophores in the sample (Fig 6C) . LUMoS was able to detect and remove autofluorescence in the 401 image ( Fig 6B) . However, if the emission spectrum of autofluorescence is similar to other fluorophores in the 402 image, the autofluorescence may be hard to separate out, so additional detection channels may be helpful to 403 unmix the images in such cases.
404
Synthetic data 405 Lastly, we sought to test the limitations of LUMoS spectral unmixing by understanding the smallest 406 structure size which can be detected, the maximum number of fluorophores the algorithm can separate, and the 407 minimal quality of the input image that is required. As it is impractical to prepare a real-world biological sample 408 with arbitrarily many fluorophores and precisely control both the size of a stained structure and the image SNR, 409 we used synthetic images with those conditions computationally manipulated (Fig 2A-C) . The synthetic data also 410 provides us a ground truth to evaluate the performance of the algorithm.
411
Cluster size 412 As LUMoS is a k-means clustering based method, the algorithm assumes similar amount of data points in 413 each cluster, and can disregard small but real clusters in order to minimize the total loss function [32] . This may 414 be problematic when one fluorophore expressing structure is represented by significantly fewer pixels than the 415 other structures, in which case the algorithm will misclassify the pixels belonging to a more abundant fluorophore 416 to the minor structure, leading to an unmixing failure. Therefore, we first tested the robustness of the algorithm by 417 changing the size of one fluorophore expressing structure while keeping the size of the rest of structures fixed. 418 The number of fluorophores and SNR were fixed at 8 and 10 respectively. F1 score was used as the evaluation 419 24 metric as it can detect when the algorithm starts to erroneously combine fluorophores. The F1 score of the 420 smallest cluster was used because the smallest cluster is inherently the most difficult for LUMoS to recognize and 421 represents the worst-case scenario. Performance was monitored by setting the threshold for successfully unmixed 422 samples at an F1 score of 0.9 or higher on the smallest cluster. The F1 score for the smallest cluster dropped off 423 sharply when decreasing the cluster size ratio to below 0.01 (Fig 7, left) , because at the tipping point, one part of a 424 larger cluster was merged with the smallest cluster as the algorithm prioritized the improvements to other 425 dominant clusters. This happened to all of the pixels in a small cluster at once so the drop off in accuracy was 426 sudden. This can make LUMoS vulnerable when one fluorophore is expressed in much smaller structures than the 427 rest. questions, we challenged the algorithm by increasing the number of fluorophores until it failed (Fig 7, middle) . 439 The cluster size and SNR were held constant at 0.2 and 10 respectively, and F1 score of the smallest cluster was 440 measured. All fluorophores were assumed: 1) to be effectively excited, 2) to have the same shape and intensity 441 scale of emission spectra with a tail into the longer wavelength, 3) to have emission peaks evenly distributed 442 between 420nm and 685nm (Fig 2A) . To mimic the variations in real-world imaging, the spectra of pixels 443 belonging to one fluorophore were randomly shifted with a standard deviation of 10nm (S7 FigA). The imaging 444 hardware was assumed to be the same as our system. LUMoS's performance was very stable until the number of 445 fluorophores reached 12 (Fig 7, middle) . At this point, the mean emission peaks were 37nm apart and there was 446 72% emission spectra overlap. We also tested the performance of LUMoS on synthetic images of two 447 fluorophores with varying differences in emission peaks (S7 FigB). The peak of the lower wavelength 448 fluorophore was fixed while the peak of the higher wavelength fluorophore was varied to evaluate performance at 449 different peak distances. Depending on where in the range of detectors they fell, the peaks of two fluorophores 450 could be 10-15nm apart and the fluorophores could still be separated by LUMoS. This 10-15nm peak distance 451 represents an 88-92% overlap in ideal emission spectra, which is very close to the standard deviation of 10nm 452 with which each pixel's individual emission peak was sampled (S7 FigA). This variance in emission spectra from 453 pixel to pixel is a key limiting factor in how similar the emission spectra of two fluorophores can be while 454 maintaining separability with LUMoS. In real-world cases, the fluorochromes in a biology sample will not be as 455 ideal as the simulated scenario. Careful selections of dyes with relatively separated emission spectra are always 456 desired to gain the best unmixing results.
457
Signal-to-noise ratio 458 All spectral unmixing methods require a good image quality. LUMoS is a pixel-based method which 459 makes it susceptible to any noise detected at the same time with real signals. Therefore, we tested the performance 460 of LUMoS for unmixing images with different SNRs (Fig 7, right) The implications of k-means clustering are usually limited by the difficulties in choosing an optimal 535 number of clusters, "k" [32, 66] . However, in the case of fluorescence microscopy, "k" is known and determined 536 by the number of fluorochromes used, making k-means clustering a well-suited method for spectral unmixing. 537 29 Usually, the "k" is set to be the total number of fluorophores plus one (considering the background noise) 538 (examples in Figs 3-5). When special circumstances happen, options are available to optimize the "k" to tailor 539 LUMoS for different cases. For example, when there are known colocalization labeling or autofluorescence 540 structures (Fig 6) , additional clusters could be added by considering colocalization and autofluorescence as 541 distinct "fluorophores". When applying LUMoS, carefully examining the image data to better determine "k" in 542 advance may improve the unmixing results. 543 There are also limitations of our algorithm, especially when unique circumstances are associated with the 544 imaging data. As demonstrated in the simulations, our approach may cease to be useful when it misclassifies a 545 significant portion of the pixels belonging to a fluorophore of interest. This can occur when there are relatively 546 unbalanced structure sizes, significantly overlapping emission spectra, and a low SNR. Additionally, although 547 considering the information of nearby pixels by using a median filter, LUMoS still does not take any spatial 548 information at biological structure level into account so its clustering ability is limited to classifying individual 549 pixels rather than whole structures as some other methods attempt [67, 68] . LUMoS specifically assumes the 550 abundance of each fluorophores is binary at pixel level, which produces unambiguous classification of individual 551 fluorophores. If there is colocalization at structure scale, for example one structure labeled with more than one 552 fluorophore, the colocalization group can be treated as an additional cluster to be separated and analyzed (Fig 6) . 553 However, implicit in our unmixing algorithm is the assumption that a pixel represents an exclusive single label 
